Abstract -To support customer loyalty programs, the travel agencies gave a souvenir to their customers. In one of the travel agencies in Jakarta, the demand for travel agency services could not be ensured. This had an impact on inventory items that were surplus to requirements. Inventory management was done by combining classifications ABC and (Q, R) with Economic Order Quantity (EOQ) model, which was usually used for uncertain demand. With "A" classification of the goods, two model (Q, R) scenarios were made and then simulated with software Arena. From these two scenarios, the results show that both have a tendency to decline, or the stockouts occur. However, the second scenario is more optimistic because a dummy variable is added the second scenario. Thus, the tendency is stable and does not decline.
I. INTRODUCTION
Along with the importance of the tourism sector in the economic growth in many countries, the researchers have conducted research on various aspects of the sector such as marketing, management, supply chain, and others. Travel agency, facing with increasing tourism products and also competing with other travel agencies, tries to improve the competitive advantage by delivering value to the customers. For example, they can give a souvenir to customers when the customers use the tourism products and services.
McGregor (1996) stated that tourism industry was dominated by Small and Medium-Sized Enterprises (SMEs), public sector organizations, and increasing numbers of operators and travel agents. Nevertheless, Welford et al. (1999) stated that tourism business not only saw the side of supply or demand but should also provide a strong signal between these two parts.
This research focuses on the souvenirs inventory management of a travel agency that has been established in Jakarta since 1967 and has more than 80 branches in Indonesia. Service products produced by the travel agency is airplane tickets booking, hotel bookings, currency exchange, travel documents, and others. In taking care of customers as well as the customer loyalty programs, the agency provides a variety of souvenirs in accordance with the purchased product.
There are two techniques used in inventory management. First, ABC inventory technique is a technique based on the idea that a small portion of goods in inventory represents the total value of money in inventory. ABC is a very popular method in categories based on number and value. Teunter et al. (2010) conducted a research based on the weight value like A = 50%, B = 30% and C = 20%. In 50%, it is categorized as category A that is the most significant, sensitive and requires special treatment. Starting from 50% to 80%, it is in category B. While, 80% to 100% is in category C. Understanding the character in an ABC inventory allows people to approach the selection of inventory management. Small group (group A) can be controlled more tightly as the representative of the whole inventory. The control with a lower level may be applied to B and C goods. Van Kampen et al. (2012) found that the classification of goods has been carried out in various industries. Meanwhile, Shen (2015) and Teunter et al. (2010) stated that the level of service is one of the determinants of cost savings and quality of service associated with inventory. Then, Eric et al. (2016) found that the use of a mathematical approach based on ABC classification and optimization model of Generic Algorithm (GA) provides optimal solutions. Syntetos and Keyes (2009) concluded that performance of ABC classification increases 95% of a Japanese electronics manufacturing companies in Europe. Moreover, Stanford and Martin (2007) showed that the ABC inventory classification system was the basis of a normative model to handle cost structure and characteristics of stock in a large inventory system with much stuff and constant demands. Teunter et al. (2010) suggested three simple steps in implementing the ABC classifications based on cost. While Farrukh et al. (2015) proposed five steps of ABC in SMEs. Roda et al. (2014) found that there were five main criteria in determining the classification commonly used in industry. They were cost, lead time, specificity, total demand, and unpredictable demand.
The second technique is Economic Order Quantity (EOQ). Most of the textbooks highlighting operations management provide inventory management to explore the basic Economic Order Quantity (EOQ) formula by Russell and Taylor (2011) . It is important to know that EOQ can be applied to the situations with several circumstances. First, the demands are certain and constant over time. Second, the lack of items is not allowed. Third, the lead time is constant. Fourth, it is the number of orders received at one time. Fifth, there is fixed ordering cost in any orders. Sixth, the holding costs are charged for each stored item. EOQ is a measure that will minimize the total of ordering cost and holding cost. With these statements, it can be:
( 1) where, Q = the number of orders D = total annual demand k = fixed costs per order h = annual holding cost per unit Currently, there are many researches in EOQ model. Chen and Zhuo (2010) explored a model inventory for the partial backlog. Krishnaraj and Ramasamy (2013) offered a model for EOQ consumption by experiencing the pace of decline linearly with delayed payment and with special discounts. Panda et al. (2009) found EOQ model for products that were easily damaged by the discount price and demand depending on the stock. Meanwhile, Tripathy et al. (2003) explored the EOQ model by considering the production process reliability. OuYang et al. (2003) suggested a model inventory to see the effects of inflation and the time value of money. Janamanchi (2011) concluded about the use of EOQ on the paradigm of e-commerce. Moreover, Rong (2011) analyzed EOQ model where ordering cost, lack of goods and holding the cost of the items were assumed to be an uncertain variable. Zinn and Charnes (2005) compared the method of QR (Quick Response) with EOQ that EOQ was still a viable option. Lee and Joglekar (2012) developed a model for EOQ inventory with a pricing strategy that was increasing continuously. Then, Sucky (2004) analyzed the model dealing with asymmetric information about cost structure by the buyer. Last, Kavishwar et al. (2014) got a reduction in operating costs on all small-scale textile mills by using EOQ.
Furthermore, one of the realistic models is (Q, R) model where the model is to deal with uncertain demand. This model is proposed by Axsäter (2006) and Taha (2007) , which was later modified by Nakandala et al. (2014) in the form of algorithm iteration. Here is the algorithm:
Step 1, for every ordering cost (k), the specify value is . So, the iteration starts from EOQ.
Step 2 is to estimate the value of R. It is by finding the cumulative probability function of R with where Q is Q in the previous step, p is a stockout cost. Then, searching the z inverse value associated with right tail of 1-F (R). R is calculated by .
Step 3 is to find value Q ij+1 and R ij+1 by getting theloss function , calculating thelead time demand and getting , and repeating step 2 to get final value of R (j <= j + 1).
Step 4, if it is absolute value of (Q ij -Q ij + 1) <0.1 and absolute value (R ij + 1-R ij ) < 0.1, then iteration is stopped, or repeat step 3. Young and Nie (1992) stated that the results of ABC method are quite risky to the stockout, so it needed to be combined with other strategies such as cycle counting of EOQ. There are examples of the combination. First, Borle et al. (2014) merged EOQ method, ABC and Vital, Essential, Desirable (VED) in a Health Education Center resulted in saving of 25% of drug inventory cost. Likewise, Zhang et al. (2013) found the same thing in a maintenance support in Electronic Counter Measures equipment. Then, Burns et al. (2001) conducted a research of the inventory in a pediatric and found that ABC inventory analysis combined with EOQ model provided a framework that can be achieved, and determine the ordering cycle and size of the expensive components.
II. METHODS
Therefore, the method used in this research has put a combination of ABC classification done by Teunter et al. (2010) with (Q, R) with EOQ model algorithm iteration by Nakandala et al. (2014) . Next, the model will be simulated by using software Arena.
III. RESULTS AND DISCUSSIONS
First of all, the researchers classify all goods in ABC technique. The process begins by collecting available inventory data, unit price and average expenditure per year. Then, the data is processed by seeking the turnover value of each item. Next, the products are sorted by the greatest value to the smallest value. It can be seen in Table 1 . Table 1 shows only 1 item in category A which is the adult travel bag. This item has the special feature that corresponds to A category. It has tremendous and turnover value and is also large. In addition, this item is also sensitive and requires special treatment in storage.
Then, (Q, R) model will be made on the adult travel bag consuming the most turnover in the company warehouse. The adult travel bag also has the high level of spending, but it tends to fluctuate. The expenditure levels have a pattern of the trend. Figure 1 shows the data of daily bag demand in 2015 without considering the holiday.
The bags withdrawal has a pattern of inclined trends in certain months. Therefore, a general formulation cannot be done. Judging from the movement of inventory of adult travel bag in Figure 1 , the period will be divided into two types of scenarios. Scenario 1 is the scenario where the movement of goods is divided into three periods. This period grouping is not based on the division of the month but is the number of working days divided by 3. Meanwhile, scenario 2 is where the movement of goods is divided into several specific periods while monitoring the pattern of movement and the deviation of goods. In this grouping, each period could have some different days. However, it still considers the minimum sample of 30 days.
In Figure 2 shows the grouping of scenario 1 and Table 2 presents the summary of the data and the results of calculations of (Q, R) model.
From the calculation, it is found that Q in the period 1 to 3 are 679, 870, and 693 consecutively. For R in the period 1 to 3 are 1132, 1823, and 1195. There is an interesting pattern in the results. The value of R is always greater than Q. There are some assumptions that can be drawn from the results. First, the standard deviation level is too high, so the calculation shows how to play secure like storing as much as possible. Second, period 2 has the highest level of discrepancy between Q and R (1:2). It can be concluded that the decision to store more ensures the secure number of goods. Moreover, the high level of deviation is also due to peak season.
In scenario 2, the solution is based on the optimal value by dividing the movement patterns of data distribution as seen in Figure 3 . This research is more concerned about the data distribution of daily pattern. Data is divided into five periods in accordance with the specified movement pattern of similar data based on the level of fluctuation, like the periods with low fluctuation and periods with high fluctuation. Thus, the calculation in this scenario can see the more predictable data and have a high level of confidence for the sub-period with low fluctuation. Table 3 presents the summary of the data and the results of (Q, R) model calculations.
Briefly, in the period 1, Q and R are almost equivalent to a value of 449 and 499. In the period 2, there is a significant decline in the ratio between Q and R which is 809 compared to 1579. Meanwhile, the period 3 is with the largest value fluctuations with a larger comparison, 1117 and 2987. Then, period 4 has the ratio of Q and R value (497:610). Last, period 5 has a comparison value between Q and R which is 871 and 1841.
In this scenario, period 1 and 4 have a nearly equal ratio of 449:499 which is equal to 0,90, and 497:610 with an equivalent to 0,81. These values do not appear in the first scenario. It is due to the low value of the uncertainties in scenario 2 for period 1 and 4. For all periods of scenario 1, and period 2, 3, and 5 of scenario 2, they have considerable high deviation levels in demand. It is demanded that the stock safety and reorder point be placed on a high point to avoid the possibility of the stockout.
The measurement and verification of the results of the model (Q, R) require a significant time, and effort and resources to practice this activity. In this research, time is limited to verify directly. Therefore, the computational simulation is the appropriate methods to conduct verification tests on these results. The simulation is as seen in Table 4 . In this research the value of the initial inventory will use the sum of Q and R. In scenario 1 period 1, the simulation is conducted for 85 iterations. The initial inventory value is 1811. The statistics show poor results on the (Q,R) with EOQ model that there is a declining trend in the simulation. Through 5 repetitions, Figure 4 shows the results obtained from the simulation.
The calculation of (Q, R) with EOQ model in this period is less suitable to be used because of the declining trend. On the other hand, the minimum and maximum average of 5 repetitions show the lower numbers of R. This increases the risk of stockout like in the particular case of the stockout -1004. It suggests a substantial loss.
In scenario 1 period 2, the simulation is for 85 iterations. The initial inventory value is 2693. Then, the statistics show poor results on the (Q,R) with EOQ model that there is a declining in the simulation. Through 5 repetitions, Figure 5 illustrates the results obtained from the simulation.
The calculation of the (Q,R) with EOQ model in this period is still less appropriate to be used. There is a trend that continues to decline. This will increase the risk of stockout like in the particular case of the stockout (-1353) . This implies a substantial loss.
In scenario 1 period 2, the simulation is performed for 86 iterations with 1888 as the initial inventory value. The statistics show poor results on the (Q,R) with EOQ model where there is a declining in the simulation. Through 5 repetitions, Figure 6 shows the results obtained.
Therefore, the calculation of (Q, R) with EOQ model in this period is less suitable to be used because of the declining. On the other hand, the average minimum and maximum average of 5 repetitions show lower numbers of R. This increases the risk of stockout. For example, in the particular case, the stockout is -1033. This may suggest a substantial loss. In summary, the value of inventory is described in Table 5 .
In scenario 2 period 1, the simulation is for 34 iterations. Then, the initial inventory value is 948. The statistical data shows excellent results in (Q,R) with EOQ model. There is a trend that is likely to be stable in the simulation. Through 5 repetitions, Figure 7 shows the results obtained from the simulation.
Next, the calculation of (Q,R) with EOQ model during this period are very appropriate to be used. It is because there is a stable trend. During this period, the level of demand and fluctuation are very low. It is estimated that if this condition goes in a long time, the value of the inventory will be optimal with a low stockout condition.
In scenario 2 period 2, the simulation is conducted for 80 iterations. The initial inventory value is 2388. However, the statistics show poor results which there is a declining in the simulation. Figure 8 shows the results obtained through 5 repetitions from the simulation.
Moreover, the calculation of (Q,R) with EOQ model in this period is less suitable to be used since there is a declining trend. On the other hand, the average minimum and maximum average of 5 repetitions show a lower number of R, and the minimum average is negative. This results in a high risk of stockout. In the particular case, the stockout can be -2055. It implies a very large loss.
Meanwhile, in scenario 2 period 3, the simulation is 30 iterations with 4104 as the initial inventory value. The statistical data show poor results. There is a declining in the simulation. Through 5 repetitions in the simulation, the results are obtained. Figure 9 shows the results.
Based on that, the calculation of (Q,R) with EOQ model in this period is less appropriate to be used since there is a declining trend. There will be a high possibility of stockout in the long term. However, for a short time interval, the calculation can be considered.
Next, in scenario 2 period 4, the simulation is conducted for 82 iterations. The initial inventory value is 1107. From the statistical data, it shows poor results on the (Q,R) with EOQ model. There is a declining in the simulation, but it is conducted after a very long time. Thus, it is possible that this scenario is quite good. Figure 10 illustrates the results obtained.
It can be said that the calculation in this period is accurate enough to be used. Despite the declining trend, it runs very slowly. On the other hand, the minimum and maximum average of 5 repetitions deviate around R. The stockout risk may exist like in the particular case of stockout; it reaches -269. This results in a loss for the company.
Moreover, in scenario 2 period 5, 30 iterations are done for the simulation. The initial inventory value is 2712. In here, the statistical data show excellent results in the (Q, R) with EOQ model. There is a declining in the simulation, but it will require considerable time until the stockout. Through 5 repetitions, Figure 11 shows the results.
The calculation this period is good enough to be used. Although there is a declining trend, it takes a long time until stockout happens. Meanwhile, the minimum and maximum average of 5 repetitions are slightly lower than R. In this case, there is no stockout, but with a downward trend in the long term, it is expected to decline.
In scenario 1 and 2, the stockout risk could occur in any case. It also decreases for various simulation. However, the result of scenario 2 is more optimistic. To avoid the results, the simulation will be carried out with the dummy variable. The simulation is based on the variables of scenario 2 in which the stockout occurs. The dummy variable will put Q value into the simulation model in the time between ordering and order release. Thus, in this simulation, the lead time will be matched with 10.
In the simulation process of period 2, some of the variables used are: Q = 809, R = 1579, and demand function = 2 + ERLA (37, 2). The iteration is done within 80 days. The result is shown in Figure 12 .
Meanwhile, in the simulation process of period 4, some of the variables used are: Q = 497, R = 610, and demand function = 2 + 212 * BETA (0,915; 6,85) . The iteration is done within 82 days. Figure 13 shows the result.
The result with dummy variables is better than others. Through 5 repetitions, the value stockout happens minimally. In addition, the trend tends to be stable for the long term. 
IV. CONCLUSIONS
This research may help to reduce the value of inventory in moving and rotating in the company. Technically, the suggested method is also quite easy to do where the warehouse can review the actual amount of goods and make a reservation when the goods are already in the point R. However, to follow up the results of this research, the companies need to confirm with the vendor related to the readiness to serve the partial order, which differs from the methods currently applied, and the consistency to follow the service level in the procurement of the goods.
This research introduces knowledge to the industry regarding the inventory of tourism services as well as a means to explain the importance of managing good inventory. It can save costs and improve the inventory performance. Hopefully, through this research, the tourism industry may consider the inventory as one step in the continuous improvement. On the other hand, the research also implies that the excessive inventory has an impact on the environment.
